Selecting which interpolation method to use significantly affects the results of 10 atmospheric studies. The goal of this study is to examine the performance of several 11 interpolation techniques under typical atmospheric conditions. Several types of kriging and 12 artificial neural networks used as spatial interpolators are here compared and evaluated against 13 ordinary kriging, using real airborne CO 2 mixing-ratio data and synthetic data. The real data 
5
(1) 124 where equals the true mixing ratio on the prediction grid, represents unique coefficients
125
proportional to the number of citizens (8, 15, 9.3, 5 .1 for Billings, Garber, Lamont and Nardin,
126
OK, respectively) and represents distances in meters from the prediction point to polluting 127 urban centers. In the text below, a model created in this way is called -4-spheres model‖ (4S). and directional variograms in 3D space was conducted to understand the spatial structure of the 141 sampled data. Raw, experimental, and theoretical variograms were created for the entire dataset,
142
and separately for the horizontal and vertical plane/axes. A raw variogram is calculated based on 143 the subsampled observations, using:
where is the raw variogram value for a given pair of observations y(x i ) and y(x j ), and is the
146
Euclidean distance between the locations and ) of these observations. Experimental 147 variograms, obtained through binning and averaging raw variograms into a predefined number of 148 bins (in this case 30), were fitted to a parametric function, the theoretical variogram, using 6 nonlinear least squares. Directional variograms were created following the same procedure, but 150 based only on pairs of points located within a predefined angle in horizontal or vertical directions
151
(see Section 3.1).
152

Interpolation techniques applied
153
Kriging is most frequently used for spatial interpolations (Myers, 1991) Australian margin (Li et al., 2011) .
225
Results and Discussion
226
The cumulative plot of CO 2 mixing ratio versus altitude shown in Fig. 1a has two distinct 227
features. First, it shows that above ~1000 m, mixing ratios basically do not depend on horizontal 
237
The mixing-ratios were found to depend more on altitude and less on horizontal distance ( Figure   238 3), and the variograms had different sills, implying a typical case of zonal anisotropy caused by 239 stratification/layering in the PBL (Variogram, 2014) . The observed spatial structure justified the 240 use of kriging schemes that allowed for a variable mean, i.e., universal kriging. 
Interpolation results based on measured data 249
Universal kriging (UK). Figure 4 shows the results of all examined methods applied to measured 250 data. In the absence of truth at estimation locations, the only way to interpret the data is through 251 expert understanding of the encountered atmospheric situation.
252
Major spatial trends based on expert understanding of the cumulative plot shown in Figure 4 are 253 preserved and captured by all applied methods. The structure of the data within the vertical grid 254 clearly shows two separated zones, within and above the PBL (with the border line at ~1000 m).
255
As with all kriging schemes, the interpolation uncertainty distribution map is dependent on the (see also Table 3 , model 4S, grid 5600 m) i.e., the range of predicted values on the horizontal grid at 2900 m differs from UK and ENK. The qualitative difference is manifested as a large circular zone of higher mixing ratios in Figure 4E , close to the center of the 264 same grid. Similarly, the zone of lower mixing ratios (West) on the horizontal grid at 200 m 265 seems to be spread more widely compared to ENK, where it originally came from, because in the 266 UK scheme, the zone of higher mixing ratio was not present at all ( Figure 4A ).
267
The ability of ANNs to recognize more complex spatial trends automatically, without the need to universal kriging. In Figure 5 , the uncertainties obtained in the described two ways are displayed.
276
The relationship between ENK uncertainties and flight path is more complex than in the case of 
Comparative analysis of all methods
314
Predicted values, together with the cumulative plot of the measured data (Fig 8 and alone, especially at 2900 m.
317
The most apparent feature in Figure 4A and 4D is the sudden dip in the mixing ratios in the 
12
In the absence of truth and according to the cumulative plot in Figure 6 , it seems that in the 326 horizontal grid at 5600 m, UKNK was the best performer, while at 2900 m, ENK was the best 327 performer, based on the lowest spread. The situation is more complicated at 200 m; most likely,
328
UK and UKNK did better than eNK at that altitude. situation. However, the model provided a framework for further testing of the methods.
337
The different behavior of the examined predictors at the far North-West part of the grid is The RMAE results are shown in Table 3 , and RRMSE and MAE are shown in In this study, several interpolation approaches toward atmospheric mixing-ratio data were 404 examined. The necessity for including ad hoc expert understanding of the observed phenomena,
Uncertainty/Variance
405
and prior checks for the present anisotropy, was clear.
406
The inclusion of a nonlinear relationship between trend and coordinates captured by ENK into a proved to be inadequate.
The study shows that the applicability of the method cannot be evaluated per se, but only within Laiti, L., Zardi, D., de Franceschi, M. and Rampanelli, G., 2013a and a comparison to GOSAT data measured over Tsukuba and Moshiri, Atmos. Meas. Tech., 5, 516 2003 -2012 , doi:10.5194/amt-5-2003 -2012 , 2012 . Altitude ( 
